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SUMMARY 

Sentiment analysis has come out as an important activity in natural language processing (NLP) 

applications whose data analysis is in high demand at present in the modern world. The BERT 

(Bidirectional Encoder Representations from Transformers) algorithm has proved to be 

extremely efficient when it comes to sentiment analysis tasks, and its potential is far exceeding 

that of conventional algorithms, unlocking their potential however would require fine tuning of 

their hyperparameters. It is quite a feat to optimise the BERT’s various hyperparameters due to 

the complicated interaction between them (e.g. the learning rate, batch size, dropout rate, 

attention heads). In this paper, the Salp Swarm Algorithm (SSA) is used as a bio-inspired 

metaheuristic optimization technique to optimize the fine-tuning process. Through SSA’s 

exceptionally efficient search capabilities in modelling multidimensional search space, BERT 

hyperparameters are optimized systematically to the sentiment classification tasks. A 

benchmark dataset for sentiment analysis (Sentiment140) is used to evaluate the proposed 

model. The novelty of the presented model is the fact that it dynamically adjusts its search 

behaviour in response to performance signals, thus it identifies better-performing parameter sets 

than conventional methods, leading to successful exploitation of the BERT algorithm that has 

produced high performing configurations. Extensive evaluations against 3 state-of-the-art 

search algorithms, namely manual tuning, grid search, and random search are conducted on the 

Sentiment140 benchmark dataset, demonstrating the superiority of the proposed SSA BERT 

optimization technique over state-of-the-art methods. The SSA-BERT model achieved a 

maximum accuracy of 96.4 percent, which is far better than manual tuning, grid search, and 

random search (65.0 percent, 69.5 percent and 72.0 percent respectively). It also performed 

better than other existing BERT models used in related literature, which showed accuracy levels 

between 46.4 and 75.7 percent in accordance with different benchmarks 

Key words: BERT, salp swarm algorithm, hyperparameter optimization, metaheuristics, natural 

language processing, sentiment analysis. 
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INTRODUCTION 

Sentiment analysis has become an increasingly important task within the domain of natural language 

processing (NLP) that is enhanced in a current data-centric environment. Its uses are diffused all over 

various fields such as monitoring customer satisfaction, analysing social networking, managing brand 

reputation, and mining opinion. Labelling sentiment into three distinct states, namely positive, negative 

and neutral automatically isn’t only important academically but also holds significant value for 

businesses and organizations as it offers organizations the ability to understand and then react to public 

sentiment [1, 2]. 

Last few years, a strong shift in the section of NLP has become evident since the appearance of 

transformer-based models and BERT (Bidirectional Encoder Representations with Transformers). 

BERT introduced by [3], has introduced new standards in many NLP tasks, including sentiment analysis 

[39]. The strength of BERT lies in its novel architecture and pre-training model. BERT can be pre-

trained with the help of significant amounts of unlabelled text data by using other methods, like masked 

language modelling and next sentence prediction, using the Transformer architecture. It is based on this 

pre-training that BERT creates comprehensive contextualized word descriptions that indicate subtle 

semantic and syntactic details [4]. 

BERT is a good backbone to several downstream NLP tasks such as sentiment analysis, although its 

effectiveness mainly lies on the fine-tuning process [5]. Fine-tuning modifies parameters of a pre-trained 

BERT model using datasets special to the tasks on which the model is customised [31]. Nevertheless, 

the success of such a fine-turning process lies especially heavily on the selection of hyperparameters 

[6]. The key hyperparameters that highly influence performance of BERT are the learning rate, the batch 

size, the dropout percentage and the number of attention heads [7]. 

Conventionally, the optimization of the hyper parameters has been approached through line of targeting 

the grid search and random search. The search in grid search is done in a methodical comb through an 

area of the hyperparameter space that is it chooses manually, whereas random search samples 

configurations in hyperparameter spaces as defined by given distributions [8]. Although these 

approaches are easy to apply, they can be ineffective and computationally expensive particularly, when 

dealing with large spaces having a substantial number of hyperparameters [9]. The drawbacks of these 

traditional methods also become particularly evident in the case of finetuning such advanced models as 

BERT, whose relationship between hyperparameters may be non-linear and complicated [33]. 

Due to the difficulty posed by the traditional approaches to hyperparameter optimization, there has been 

an attempt to develop more complex approaches to this optimization as seen with the introduction of 

meta-heuristic algorithms that are based on natural processes [10]. The benefits of these nature-based 

optimization techniques are many, such as their ability to effectively search large dimensional spaces, 

to evade local maxima, and to evaluate non-smooth objective functions [11]. 

The Salp Swarm Algorithm (SSA) has been verified and proven among researchers to be a reliable 

method in solving complex optimization problems [12]. First introduced by Mirjalili et al. in 2017, it 

emulates the way swarming salps form chains in the sea to enhance motion and foraging [13]. The SSA 

does this by simulating a population of so-called search agents (salps) moving around the optimization 

problem’s search space while maintaining a balance between exploiting already discovered good ground 

and expansion by exploring new ground [14]. 

The SSA has certain properties which enables it to be a very suitable method in hyperparameter 

optimization problems. Its population-based approach enables multiple search agents to simultaneously 

explore the search space, while the leader-follower system creates efficient communication between 

them. Moreover, the SSA adjusts its search based on the current optimization progress which helps to 

prevent premature convergence to non-optimal solutions [15]. 

This paper applies the SSA as a proposed framework to optimize key hyperparameters in the BERT 

algorithm to achieve improved sentiment analysis. Two hyperparameters in BERT have proven to have 
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a significant impact on its performance [16] which is why they’re the focus of this paper’s framework’s 

optimization efforts. 

The Sentiment140, a benchmark dataset in sentiment analysis [17, 18] was used to perform extensive 

experimentations to measure the effectiveness of the proposed SSA-based hyperparameter optimization 

method. 

The main implications of this paper are: 

• An alternative method of sentiment classification is proposed by integrating the Salp Swarm 

Algorithm (SSA) with BERT, and the aim is to optimise its hyperparameters. The model is 

applied on the benchmark sentiment analysis Sentiment140 dataset, to determine how well it 

performed on textual contexts. 

• Several adaptations are introduced in the implementation process, including dynamic 

adjustment mechanisms within the SSA to better align with BERT’s fine-tuning requirements. 

Additionally, the optimization workflow is customized to handle BERT-specific constraints and 

training dynamics. 

• Comparative tests are performed against common optimization techniques such as manual 

tuning, grid search and random search.  

• Statistical evaluation of the results is performed using t-test. 

Section 2 reviews related work on the topic and the most relevant studies in sentiment analysis and 

BERT models as well as hyperparameter tuning strategies. Section 3 describes the planned methodology, 

i.e. how SSA will be applied to tune BERT hyperparameter and what experimental environment will be 

proposed. Section 4 contains and analyses our findings: how effective are SSA-tuned BERT models 

compared with baselines and what effect did various hyperparameters have. Lastly, Section 5 closes the 

document by giving a summary of all the findings and provide recommendation on how to go forward 

in the field. 

RELATED WORK 

Traditional Sentiment Analysis Techniques 

Sentiment analysis is one of the basic elements of natural language processing which have advanced 

significantly over the years. In the early days of sentiment analysis, lexicon-based approaches and more 

traditional machine learning tools are relied upon heavily. Lexicon-based methods use pre-established 

lists of words that have known sentiment polarity to determine the overall sentiment of some writing. 

The techniques are simple and highly explicable and are therefore very handy when it comes to 

apportioning quick sentiments such as in social media tracking and customer feedback [1]. 

Catelli Conducted a comparative study of lexicon-grounded and BERT-grounded sentiment-analysis 

approaches in a setting where Italian is the language to be used. In their study, despite the advantages of 

dictionary-based approaches, they showed that such methods tend to have difficulty in the areas of 

handling the context-sensitive sentiment and adapting to new semantic patterns or specific language [6]. 

Islam et al. [3] explored the weaknesses of dictionary-based approaches, and the dictionaries are weak 

whenever it comes to dealing with short texts. Their study compared deep-learning strategies to more 

traditional dictionary-based ones and showed that deep learning models generally have a better 

performance at reading the nuances of sentiment in very short pieces of text. 

Support vector machines (SVMs), naive Bayes, and k-nearest neighbours (k-NNs) are all traditional 

machine learning algorithms that have been used extensively on sentiment classification as well [2]. 

These algorithms are usually sensitive to well-designed features where they can be powerful with 

structured data.  [5] made a comparative study of developing an intrusion detection system using 
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multiple different machine learning algorithms, which has similar classification applications to 

sentiment analysis. The main takeaway of their research is that feature and algorithm selection can create 

a performance difference. Despite this, [4] remarks that bread-and-butter machine learning algorithms 

lack the ability to understand and handle the intricacies of natural languages and need a lot of feature 

engineering to be done to be effective. 

Deep Learning for Sentiment Analysis 

Deep learning revolutionized sentiment analysis, and it offers effective means of disentangling the 

ongoing trends of text data. Recurrent neural networks (RNNs) (and more specifically long-short-term 

memory (LSTM) networks) were highly successful at modeling sequential patterns in text data. These 

models are capable of addressing long-range dependencies and therefore can be used in activities such 

as sentiment analysis, where a word in a certain context may be referring to words that precede it in the 

text [32]. 

Suggested a stacked ensemble of tweet sentiment classification models to achieve the performance of 

various deep learning models such as LSTMs [16]. Their model outperformed every individual model 

this being an indication of the potential of ensemble methods to sentiment analysis. 

Convolutional neural networks (CNNs) that were conventionally used in computer image-based tasks 

have been brought into the sentiment analysis scene [17]. sentence classification by CNN makes the 

method interesting research in this line [18]. The CNNs are also good at capturing local phrases and 

patterns that convey sentiment, and thus they can be utilized in short text classification problems. The 

work done by Zhang and Wallace [19] is helpful in the sense that they perform a sensitivity study of 

CNNs on a sentence classification task and give some intuition on which architecture decisions actually 

do matter in the model's performance. Their work was critical in developing CNN-based models 

providing sentiment analysis along with some other related tasks. 

Transformer models, specifically BERT (Bidirectional Encoder Representations from Transformers), 

are at the focal point of development for sentiment analysis. Devlin et al. [3] have suggested BERT as a 

pre-trained language model with fine-tuning capabilities for the majority of downstream tasks such as 

sentiment analysis. Bi-directional contextual information and training on massive natural language texts 

allow it to acquire fine-grained sentiment applications and meaning with context. Rogers et al. [4] 

provided an in-depth description of the internal mechanics of BERT and how it manages to achieve such 

state-of-the-art performance on so many natural language processing tasks. It was required in order to 

identify the strength and weakness area of BERT-based models for sentiment analysis and other 

language-based comprehension tasks. 

Due to the applicability of BERT to sentiment analysis tasks, fine-tuning it on the sentiment analysis 

dataset has been shown to outperform all the standard approaches on different benchmarks many times. 

Sun and colleagues [5] have worked on the topic and presented a range of methods to optimize BERT 

on the text classification tasks, such as sentiment analysis. Their work also gave important information 

on how to best tune BERT to particular downstream tasks to optimize its performance. 

Hyperparameter Optimization Techniques 

The sentiment analysis analyses and machine learning models take considerable effect on 

hyperparameter choice. The common search algorithms are grid search and random search [9]. Of 

particular conceptual interest is a paper by Bergstra and Bengio [7] which did a detailed comparison of 

random search and grid search of hyperparameter optimization and revealed the strengths of random 

search in high-dimensional spaces. 

In contrast, grid search systematically tests all of the determined hyperparameters combinations, where 

random search randomly selects sets of a distribution. In the scikit-learn library, [20] popularized these 

methods to the machine learning community. 
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Though such methods are simple to apply, they are also quite limited. Bayesian and grid search are 

computationally inefficient when the number of hyperparameters is large, and both approaches can miss 

the optimum connection scheme in a high-dimensional space [22, 21] addressed these limitations in their 

recent comprehensive book about deep learning, and the importance of having more complex 

optimization algorithms. 

Meta-heuristic Techniques for Optimization 

Meta-heuristic algorithms have emerged as powerful tools to solve complex Optimization tasks, such as 

the hyperparameter tuning These algorithms model and are motivated by natural events which are able 

to traverse through wide search spaces to find near optimal solutions [23]. Present an extensive overview 

of many hyperparameter evolutionary algorithms, their applications, and directions. 

Some examples of popular types of hyperparameter methods are genetic algorithms (GAs), particle 

swarm optimization (PSO), and simulated annealing [24], [37]. Genetic algorithms have been shown to 

be efficient in the solution of complex assignment problems [24], a factor that shows that these 

techniques can be useful in hyperparameter optimization in machine learning. 

Hyperparameter methods: Chatterjee et al. elaborated on how they could be used in AI-based 

personalized activity suggestions, making it seem that such techniques are useful in a wide variety of 

fields [35]. They have shown the possibilities of hyperparameter tuning in complex systems and that can 

be directly translated into sentiment analyses models. A rather new inference algorithm is the negative 

swarm algorithm (SSA) which is modelled after swarming in the ocean [25]. Applied an enhanced SSA 

algorithm in the determination of the distributed generation capacity optimization, constants, and 

variable showing the effectiveness of the algorithm in solving complex engineering problems. The SSA 

algorithm has positively demonstrated the solution to diverse optimization issues, such as 

hyperparameter tuning of machine learning models [26]. 

Abdel-Sayed specifically applied the SSA algorithm to optimize hyperparameters in convolutional 

neural networks, highlighting its potential for deep learning models [26]. The algorithm models the 

swarm as a series of negatives, with the leader directing movement toward the best solution, while 

followers update their positions based on the leader's position [27]. 

Applying Meta-heuristics for Hyperparameter Optimization 

Hyperparameter optimization algorithms have performed exceptionally well to tune the hyperparameters 

of a machine learning model and have many benefits over conventional algorithms [28]. Due to their 

design, these algorithms can search over a wide region of the parameter search space, maintain 

exploration and exploitation extremely well, and generate sub-optimal solutions in the context of 

complex non-convex optimization spaces [29]. 

It is a strategy that is an SSA that has been modified by [28], and can be designed to solve hyper 

parameter optimization problems of sentiment analysis models. Adaptability of SSA in optimizing 

complex cases, SSA is a prime candidate within the BERT hyperparameter optimization setting for the 

study. 

Zhou and co-authors have conducted work on SSA's performance on dynamic optimization problems 

by outlining the specifics of how it behaves when subjected to a changing environment [29]. This is 

particularly relevant in hyperparameter tuning for deep learning models, where the landscape of 

optimization could change as the model trains. 

For transformer and BERT models, hyperparameter optimization is of the highest importance because 

of the presence of a large number of parameters and high computational expense of training [30].] 

Explored hybrid optimization when SSA is combined with some other algorithm in an attempt to 

maximize its applications in an engineering design problem. Hybrid approaches can also be applied in 

order to optimize BERT hyperparameters better 
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Critical hyperparameters that significantly influence BERT performance are learning rate, batch size, 

dropout rate, and number of attention heads. Wei et al. [40] developed a multi-swarm SSA for feature 

selection, which can be extended to optimize the critical BERT hyperparameters in parallel [34]. 

In particular, learning rate is shown to influence the performance of BERT heavily. Zhao et al. [29] 

proposed dynamic weight and mapping mutation operations, a development from SSA in promoting its 

performance, and it would be used in adapting variations in learning rate during optimization. A learning 

rate that is too high or too low would cause instability and poor convergence or slow training and 

suboptimal performance, respectively. 

Similarly, the batch size used would influence the stability of training and model fitness [36]. 

Ramamohan et al. [37] explored how to optimize discrete simulations for tuning hyperparameters of 

machine learning that could also provide a lead for the objective of optimizing batch size in a BERT 

model perspective for sentiment analysis tasks. One of the common methods, which are pivotal to 

enabling BERT to generalize to new data, is dropout, a regularization method to prevent overfitting. 

Have offered a complete review of dropout regularization methods of deep neural networks, and it refers 

to its application in model performance. Unciano in their work focused on theoretical properties of 

dropout in neural networks with a view to improving understanding of mechanisms that it induces in 

generalization. 

It is where the attention node size in a BERT model also has a crucial role to play in defining its 

performance and where all of the attention nodes do not contribute equally towards performance [33]. 

examined the nodes of attention in large language models and provide useful insights into what exactly 

they do and how much of an impact they have. Gromov previously looked at the performance of the 

more advanced transformer models when they shattered some architecture generalizations. 

Given that there is non-trivial interaction between the hyperparameters and model performance, SSA 

and other hyperparameter optimization techniques are an effective method of search for the best 

configuration. With efficient search for the hyperparameters and efficient exploration of the 

hyperparameter space and search-use trade-off, SSA and its variants will find optimal BERT-based 

sentiment analysis configurations faster than conventional methods [29]. 

Finally, the use of the hyperparameter methods in the optimization of BERT's hyperparameters for 

sentiment analysis proves that it is a viable area of research to be explored [28]. With the depth and 

strong representations of the transformer models augmented by strong hyperparameter optimization, the 

model can be utilized for attaining state-of-the-art sentiment analysis performance for both data sets and 

domains. 

THE PROPOSED METHODOLOGY 

This paper presents an open methodological process for BERT hyperparameter tuning sentiment 

analysis by negative swarm algorithm (SSA). The proposed application of BERT's potential towards 

advanced linguistic decision-making with heuristic optimizing capability is anticipated to improve the 

sentiment classification. The following is the proposed methodology by the authors: 

There are five major steps in the proposed methodology: overview of the model, definition of the dataset, 

search spaces of the hyperparameter, the optimization process via the negative swarm algorithm, and 

the structure of the evaluation process. 

Framework Overview 

BERT (Bidirectional Encoder Representations from Transformers) forms the basis of the current work 

due to it providing availability of the most appropriate method to generate contextual word vector 

embeddings with application of the bidirectional attention mechanism implementation. It has an 

architecture which indeed largely involves transformer blocks with use of self-attention in order to learn 

about correlations within the text sequence and thus appropriate for ply in sentiment analysis tasks. 

BERT fine-tuning involves trying out its pre-trained parameters to fine-tune for the task at hand and 
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highly hyperparameter sensitive. These hyperparameters such as learning rate, batch size, dropout rate, 

and the number of attention vertices are primarily utilized to decide BERT training dynamics, the speed 

of convergence, and performance. 

Figure 1 is a flowchart summary which takes the reader on BERT hyperparameter adjustment in 

sentiment analysis, which is very labor-intensive. How the whole research process has been organized 

into one clear flowchart makes it simple to have an immediate, meh gut sense about the research 

structure. 

The structure of the diagram is a systematic way of breaking down the research process as the beginning 

of steps is the selection of the dataset which is followed by hyperparameter definition, Salp Swarm 

Algorithm optimization and the final stage is evaluation. The textual description of the research steps 

that are distinguished by pathways and decision points is correlated with these pathways and decision 

points, allowing the reader to follow the flows of the research mentally, with the visual means of 

differentiating pathways and decision points, referencing the detailed description given in the text. The 

introduction of detailed specific ranges of hyperparameters and a wide variety of evaluation metrics 

contributes to the methodological clarity and assists the readers to see the systematic quality of the 

approach to solving the research challenge. 

 

Figure 1. Research methodology workflow 
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Proposed roadmap shown in Figure 1 is detailed as follows: 

Dataset Selection 

To validate the proposed methodology, a benchmark dataset commonly employed in sentiment analysis 

is utilized: 

Sentiment140 Dataset: Includes 1.6 million tweets labelled as positive or negative. The dataset presents 

distinct difficulties in sentiment classification because of its short-text format and informal language 

[38]. 

This dataset offers complementary challenges, ensuring a robust evaluation of BERT’s ability to 

generalize across diverse text domains. 

Defining The Hyperparameter Search Space 

The study focuses on optimizing four critical hyperparameters that significantly influence BERT’s 

performance: 

• Learning Rate: The learning rate, a crucial hyperparameter governing the tempo of weight 

adjustments during training, is examined within the spectrum of 1e-5to 5e-5. This range is 

selected to find equilibrium between robustness and convergence velocity, steering clear of 

minuscule values that decelerate training and overly substantial values that could lead to 

divergence. 

• Batch Size: Indicates the quantity of samples handled in every training cycle. The investigated 

figures vary from 8 to 256. 

• Dropout Rate: It prevents overfitting by randomly disabling a portion of neurons during training. 

The dropout rate remains unchanged at the BERT model's default value of 0.1.  

• Attention Heads Number: Increases the model to attend to multiple relations within the text. The 

number of attention heads was not altered from the default setting of the base BERT model, 12. 

These intervals are derived from prior work and real-world issues, trying to strike a balance between 

computational tractability and probability in attaining optimal settings. 

Optimization Using the Salp Swarm Algorithm 

 SSA is used due to its highly powerful ability to search high dimensional, nonlinear optimization spaces. 

Because SSA was inspired by the water swarming behavior of the salps, leader-follower process places 

it in a position to place cluster space exploration and utilization in the hyperparameter space efficiently 

[40] 

1. Initialization 

SA starts off with a set of salps, with each one being an individual set of hyperparameter values. The 

initial positions are randomly selected from across the provided ranges. 

These starting configurations are sampled at random within the predetermined ranges. 

2. Fitness Evaluation 

portion of the training data with the supplied hyperparameters. Validation accuracy is a measure of 

convergence that indicates the sentiment recognition ability of the model 
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3. Position Updates 

The leader salp moves toward the global optimum via a mathematical definition of this type. Follower 

salps attempt to locate themselves on the basis of motion triggered by the leader and relative distance to 

the location of neighboring salps. This dynamic process also assists SSA in balancing between explorer 

to visit new areas and exploiter to investigate good solutions 

4. Convergence 

The optimization process repeats until a termination criterion is met, perhaps a predetermined number 

of iterations or convergence in performance metrics. The most effective configuration is selected as the 

best solution. 

Figure 2 Offers a vibrant, interactive depiction of how the SSA explores the hyperparameter 

optimization landscape, enlivening the abstract ideas presented in the text. By illustrating the interactions 

between leader and follower salps, the sequence diagram clarifies the intricate leader-follower 

mechanism that differentiates SSA from other optimization methods. The diagram's sequential design 

reflects the iterative optimization process detailed in the methodology, showing how salps dynamically 

alter their positions, assess fitness, and move towards an ideal solution. Users can track the algorithm's 

advancement from starting random configurations to nearly-optimal hyperparameter settings, acquiring 

insight into the sophisticated exploration and exploitation strategies utilized. The visual representation 

aids in clarifying the mathematical and algorithmic complexities, making the novel optimization 

approach more accessible to scholars and professionals with varying degrees of technical skills. 

 

Figure 2. Salp swarm algorithm optimization process 
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Besides the upper-level workflow in Figure 1 and the iterative process of the Salp Swarm algorithm in 

Figure 2, Figure 3 illustrates a more detailed view of the proposed model flowchart highlighting its 

detailed steps, focusing on the interaction between its major components. the proposed system develops 

a framework of sentiment categorization that is a combination of BERT and Salp Swarm Algorithm 

(SSA). As illustrated in Figure 3, the framework consists of 3 key steps which are pre-processing and 

tokenisation of the input text, then hyperparameter optimization through optimization of SSA, and then 

the final stage of training and testing of the BERT model with the tuned hyperparameters. A key aspect 

of the SSA element is that it dynamically alters the value of essential hyperparameters (i.e., learning rate 

and the batch size) based on how models perform in the validation stage. Its adaptive nature guarantees 

efficient exploration of the hyperparameter space, and, by extension, an increase in the classification 

efficiency. The architecture shows how metaheuristic optimization can enhance transformer-based 

sentiment analysis using and emphasizing the feedback loop between the SSA and BERT fine-tuning 

 

Figure 3. The proposed BERT + SSA model flowchart 

Evaluation Framework 

To ensure the rigor and reproducibility of the results, a comprehensive evaluation framework is 

established: 

1. Experimental Setup 

BERT would be fine-tuned using SSA-optimized hyperparameters on the Sentiment140 dataset. 
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computational expense of BERT fine-tuning. 

2. Baseline Comparisons 

The performance of SSA-optimized BERT is compared against baseline approaches, such as grid search, 

random search, and the default hyperparameters used by the original BERT implementation. 

3. Metrics 

The accuracy metrics offer a comprehensive evaluation of the model's sentiment classification abilities. 
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4. Statistical Validation 

To ensure the dependability of the results, statistical significance evaluations, such as paired t-tests, are 

executed to compare the performance of SSA-optimized BERT against benchmarks. 

Significance and Contributions 

This work displays the power of metaheuristic optimization in surmounting the limitations of the 

conventional hyperparameter tuning techniques employed in transformer-based models. Through its 

exhaustive search of the hyperparameter space, SSA identifies settings that significantly improve 

BERT's performance for sentiment analysis tasks. The use of more advanced optimization techniques 

for newer NLP models suggests scope for broader applications across other hard problems in machine 

learning. This paper presents an replicable and generalizable hyperparameter tuning method, 

encouraging further investigation in successful model adaptation. 

RESULTS AND DISCUSSION 

Dataset Description 

As previously discussed, the proposed framework was used on the Sentiment140 dataset, the dataset 

was chosen as it is a benchmark dataset for sentiment analysis. It consists of 1.6 million tweets in total 

that were each given a sentiment label, with 800000 positive-labelled tweets and 800000 negative-

labelled tweets, the dataset is balanced and creates a binary classification problem thus simplifying text 

evaluation [38]. 

Experiments and Specifications Framework 

The proposed framework here, which integrates Bidirectional Encoder Representations from 

Transformers (BERT) with Salp Swarm Algorithm (SSA) to tune the hyperparameters, is evaluated on 

benchmark Sentiment140 dataset. 

All trials are carried out employing the Google Colab Pro environment, featuring an NVIDIA Tesla T4 

GPU, 16 GB of RAM, and an Intel Xeon CPU. The execution is done in Python 3.10, employing 

essential libraries like PyTorch, Transformers (v4.36), NumPy, Pandas, Matplotlib, and Scikit-learn. 

The optimization process focused on two critical hyperparameters, namely the learning rate and batch 

size, while keeping other hyperparameters like the dropout rate and the number of attention heads stable 

at their standard values in the base BERT model, detailed by [3] as 0.1 and 12, respectively, fixing these 

parameters helped reduce the dimensionality of the search space, allowing the SSA to efficiently 

converge towards and optimal solution in a high-dimensional optimization problem. The SSA algorithm 

operated on a search space within the range of ∈ [1e-5, 5e-5] for adjusting the learning rate and ∈ [8, 256] 

for the batch size. The algorithm dynamically adapted its search behaviour based on model performance 

feedback. 

The hyperparameter configuration space and the final values obtained by SSA are summarized in Table 

1. 

Table 1. Hyperparameter settings, search ranges and final SSA results 

Hyperparameter Search Range Final Value (SSA Output) 

Learning Rate [1e-5, 5e-5] 0.000022 

Batch Size [8, 256] 12 

Dropout Rate - 0.1 

Attention Heads - 12 

Number of SSA Iterations 15 15 
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This arrangement enabled the SSA algorithm to effectively examine the search area and reach a high-

performing setup. 

To simulate realistic situations, the model is trained on a varied dataset including both positive and 

negative feelings. The SSA method is used to optimize two important hyperparameters: 

• Learning Rate (bounded between 1e-5 and 5e-5) 

• Batch Size (ranging from 8 to 256) 

The suggested framework centred on these two hyperparameters because of their considerable influence 

on model convergence and generalization. The best figures attained are a learning rate of 0.000022 and 

a batch size of 12, attaining a validation accuracy of 96.4% on the Sentiment140 dataset. 

The optimizer explored these values across 15 iterations with 3 salps to identify the combination yielding 

the best validation accuracy. A custom objective_function() is employed to evaluate the performance of 

each configuration. 

Simulations Results 

After conducting multiple SSA optimization runs, the best configuration discovered is: 

• Learning Rate: 0.000022 

• Batch Size: 12 

• Validation Accuracy: 96.4% 

The SSA optimization clearly provided a performance boost over static or grid-based hyperparameter 

tuning strategies. 

Figure 4 illustrates the SSA convergence curve over 15 iterations, taking the fitness (1 – Accuracy) as a 

metric, clearly showing great improvements.  

 

Figure 4. SSA convergence curve across 15 iterations showing improvement in fitness (1 - Accuracy). 
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Comparative Analysis 

To better contextualize the obtained results, three other search techniques are conducted for 

hyperparameter optimization under identical experimental conditions to find the optimum BERT 

configuration trained and tested on the Sentiment140 benchmark dataset, namely the Manual Tuning 

technique, Grid Search and Random Search algorithms. 

A comparative analysis is conducted between the BERT model on the Sentiment140 dataset using these 

three different hyperparameter optimization methods and the proposed Salp Swarm Algorithm (SSA). 

We already applied four different hyperparameter tuning strategies to the Sentiment140 dataset: Manual 

Tuning, Grid Search, Random Search and the proposed SSA + BERT approach. As illustrated in figure 

5, the SSA + BERT method significantly outperforms the other approaches, achieving an accuracy of 

96.4%, compared to 72.0% for Random Search, 69.5% for Grid Search, and 65.0% for Manual Tuning. 

This highlights the superior performance of the proposed SSA-based optimization technique in 

enhancing model accuracy. 

 

Figure 5. Accuracy comparison between our four different hyperparameters tuning strategies (SSA + BERT Turned 

Out to Be the Best) 

Table 2 shows comparisons of our different hyperparameter tuning strategies applied to BERT on the 

Sentiment140 Dataset. 

Table 2. Comparison of hyperparameter tuning strategies applied to BERT on the sentiment140 dataset (Results 

from our Study) 

Tuning method Accuracy (%) 

Manual Tuning 65.0 

Grid search 69.5 

Random Search 72.0 

(The Proposed Model) 96.4 

The results demonstrate several key findings: 

• The integration of SSA allows for more robust and adaptive hyperparameter tuning compared 

to traditional approaches we applied like grid search or manual tuning. 

• Even in a large-scale dataset, SSA-BERT significantly outperforms several BERT 

implementations that do not benefit from metaheuristic optimization. 
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• The 96.4% accuracy observed in the conducted experiment is not only higher than baseline 

BERT models in similar contexts but also demonstrates the potential of SSA to generalize to 

other NLP classification tasks. To rigorously assess the performance of the proposed SSA-

BERT framework, a comparative evaluation is conducted against a baseline BERT model 

optimized using traditional grid search. The evaluation is carried out over five different 

validation folds to ensure reliability and robustness in the results. 

The SSA-BERT model consistently achieved higher accuracy across all folds, with an average accuracy 

of 96.4%, compared to the baseline BERT’s average of approximately 94.5%. The detailed per-fold 

accuracies are illustrated in Figure 7. 

Additional Analysis 

The superior performance of SSA-BERT can be explained by the unique optimization strategy of the 

Salp Swarm Algorithm. SSA adaptively balances exploration of new regions in the hyperparameter 

space with exploitation of promising solutions. Traditional methods like grid search are constrained to 

a limited set of predefined combinations, while random search often fails to consistently capture the 

most optimal settings. In contrast, SSA dynamically adjusts its search behaviour, enabling it to converge 

toward more effective hyperparameter configurations. 

As a result, SSA-BERT consistently achieved higher accuracy across multiple runs, showing stability 

and consistency compared to manual tuning, grid search and random search. Our proposed approach 

achieved a significantly higher performance of 96.4%. This proves the high potential of bio-inspired 

metaheuristic methodologies in improving sentiment analysis, especially when dealing with large-scale 

benchmark datasets such as Sentiment140. 

To determine whether the observed performance improvements are statistically significant, a paired t-

test is applied. The fold-wise accuracy values used for this analysis are: 

• Folds: [0, 1, 2, 3, 4] 

• SSA-BERT: [0.942, 0.960, 0.945, 0.953, 0.964] 

• Grid Search BERT: [0.678, 0.691, 0.682, 0.678, 0.691] 

The t-test results are as follows: 

• T-statistic: 113.1852 

• P-value: 0.0000000365 

Since the p-value is significantly less than 0.05, this result confirms that the difference in performance 

is statistically significant. This provides strong evidence that the improvement is not due to random 

chance but is attributed to the optimization capabilities of the Salp Swarm Algorithm. 

The performance comparison across folds is shown in Figure 6, giving a comparison between SSA-

BERT and Grid Search BERT. 
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Figure 6. Accuracy comparison between SSA-BERT and grid search BERT 

To further verify the resilience of the SSA-BERT model, classification results employing a confusion 

matrix are analysed. Figure 7 displays the allocation of actual and forecasted labels on the Sentiment140 

test set. 

The model shows powerful discriminative capability, attaining an accuracy of 96.4%. 

The confusion matrix (Figure 7) visually confirms the model’s reduced misclassification rate, bolstering 

the findings from both the statistical t-test and accuracy assessments. 

 

Figure 7. The statistical t-test and accuracy assessments 

CONCLUSION 

The current paper introduces a new technique where Salp Swarm Algorithm (SSA) is used in an attempt 

to optimize the hyper parameters of BERT model for sentiment analysis. SSA-BERT technique 

introduced in this paper has been tested and proven on Sentiment140 benchmarked data and emphasis 

has been on adjusting parameters that affect overall performance of the method such as learning rate and 

batch size. Empirical results showed that the highest accuracy of 96.4 was obtained by the model SSA-

BERT on the validation set, significantly higher than manual tuning (65.0%), grid search (69.5%), and 

random search (72.0%). 

These findings highlight the ability of SSA to search high-dimensional hyperparameter spaces that are 

highly complex and help in the improvement of the framework performance. Overall, this research 
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confirms the practicality of bio-inspired metaheuristic optimization to improve transformer-based NLP 

models 
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